Abstract. The Better Life Index was introduced by the OECD as a tool to chart the multidimensional well-being of its member countries. However, the Better Life Index relies only on aggregate country-level indicators, and hence is insensitive to how multidimensional well-being is distributed within countries. This paper discusses how a distribution-sensitive Better Life Index could be designed. A broad family of distribution-sensitive Better Life Indices is discussed and decomposed in interpretable building blocks. While a rich and comprehensive micro-level data set is necessary to implement the distribution-sensitive Better Life Index, no such data set is currently available for all OECD member countries. The paper constructs therefore a 'synthetic' data set that relies on information about macro-level indicators and micro-level data from the Gallup World Poll. The implementation of the distribution-sensitive Better Life Index is illustrated with this synthetic data set. The illustration indicates that, when taking the distribution of well-being into account, Nordic countries are top-ranked whereas Greece, the Russian Federation and Turkey occupy the bottom positions. The results indicate considerable losses due to multidimensional inequality for OECD member countries. In addition, sizeable differences are found in the level and composition of multidimensional inequality.
Introduction
A wide consensus has emerged in recent years that GDP per capita, or average income, is not a good measure of overall well-being of a country (Stiglitz et al., 2010) . Various measures of well-being have therefore been proposed as alternatives to move 'beyond GDP'. In particular, it has been argued that GDP per capita suffers from two structural problems.
First, GDP per capita is not sensitive to the shape of the distribution and its inequality. The position that all distributional information is irrelevant to evaluate the well-being of a country is a strong one, and arguably not a very appealing one. To include information on the income distribution in the social evaluation, a socalled social welfare measure can be used (for examples, see Atkinson 1970 and many papers in its wake). A social welfare measure penalizes average income for the inequality in its distribution.
Second, GDP per capita includes only information about the incomes of people. It is insensitive to all other dimensions of life that people may care about. This critique has inspired various international institutions to propose their alternative -multidimensional -well-being measures. Two measures are particularly popular. Since 1990, the United Nations Development Programme has published annually its Human Development Index (HDI) that contains information on three dimensions: material living standards, life expectancy and educational achievements. More recently, the Organization for Economic Cooperation and Development (OECD) has launched its Better Life Index (BLI) which includes 11 dimensions of life (see Mira D'Ercole 2013, and Durand 2015 for more details). The two measures differ in scope, with the BLI including a broader set of dimensions for fewer countries than the HDI. Moreover, they take a different perspective with respect to the weighting of the dimensions. The HDI gives equal weights to its three components, whereas the BLI allows a flexible selection of the weighting scheme by means of an interactive web application, the Your Better Life Index.
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Very few measures address both problems together, i.e. are truly multidimensional and distribution-sensitive. An exception is the inequality-adjusted HDI that has been proposed by Alkire and Foster (2010) .
2 Until now, no distribution-sensitive BLI has been developed by the OECD. This paper discusses whether and how that lacuna may be filled. To do so, the paper proceeds in three steps.
In the first step, the design of a distribution-sensitive Better Life Index is discussed by assuming the availability of a 'perfect' data set. This assumption permits to think freely about multidimensional indices and their properties, unhindered by feasibility constraints imposed by data availability. Section 2 makes five concrete recommendations and discusses a family of distribution-sensitive Better Life Indices that are consistent with them. 3 To be sufficiently flexible and to capture different normative positions, the proposed index contains three normative parameters: a weighting scheme for the dimensions; a parameter expressing the degree of complementarity between the dimensions; and the degree of inequality aversion of the social aggregation.
Second, a large and broad micro-level data set is needed to implement a distribution-sensitive Better Life Index for all OECD member countries. Ideally, the information in this data set should be comparable across countries and consistent with the established and validated macro-level data that are used to compute the original Better Life Index. No micro-level data set is currently available that satisfies these requirements. Section 3 discusses how a 'synthetic data set' could be constructed to approximate it. This synthetic data set relies on the broadest micro-level data set that is currently available, the Gallup World Poll, and is constructed to be consistent with the available macro-level data.
Using the constructed synthetic data set for 2014 and the index discussed in the first step, Section 4 then implements a distribution-sensitive Better Life Index. This exercise shows that Nordic countries are top-ranked, whereas Mexico, Chile, Greece, the Russia Federation and Turkey are at the bottom of the ranking according to the distribution-sensitive Better Life Index. For the benchmark normative parameters, losses due to multidimensional inequality are considerable (between 36% and 71%). Finally, a detailed sensitivity analysis discusses the role of the normative parameters.
Design of a distribution-sensitive Better Life Index

The family of Better Life Indices
In 2011, the OECD proposed the Better Life Index to measure aggregate wellbeing of its member countries. To be precise, the OECD proposed an entire family of Better Life Indices rather than a single index. As in many families, members may look similar and share important features but disagree on some normative matters. Each member of the family of Better Life Indices shares the same 3 Recent theoretical advances in the literature on multidimensional inequality will be very useful for our analysis (see Weymark, 2006 and Aaberge and Brandolini, 2015 for surveys). A  DISTRIBUTION-SENSITIVE BETTER LIFE INDEX  5 mathematical structure, but reflects a different position on the philosophical question about the nature of 'the good life'. In particular, the indices disagree on the relative weights that should be given to the different dimensions of life. From the family of indices, the observer -who can be a policy maker, a member of civil society or any citizen -chooses the member that fits best his or her value judgments on the weighting scheme with an interactive web application. This flexible and interactive approach is one of the main innovations of the Better Life Index and has a clear advantage: it remains neutral with respect to the valueladen question of selecting the weights of the various dimensions. Contrary to other multidimensional well-being measures such as the Human Development Index (HDI), no controversial weighting scheme is imposed upon its users.
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I will call the family of Better Life Indices that has been originally proposed by the OECD the 'first generation' Better Life Indices ( 1s). These indices take two different pieces of information into account, to measure the overall well-being of a country.
First, descriptive information is needed on the macro-level outcomes of the country in the various dimensions of life. The OECD selected 11 dimensions of life (Boarini et al. 2012 provide a discussion of the selection of the dimensions). These dimensions encompass material living conditions (housing, income, and jobs) and quality of life (community, education, environment, governance, health, life satisfaction, safety, and work-life balance). Most dimensions are measured by more than one indicator, so that in total 24 indicators are considered by the 1. All these indicators are normalized so that they take values between 0 and 1. When a dimension is measured by more than one indicator, the indicators are first averaged within that dimension with equal weights (see Boarini et al. 2012) . Some notation will be useful in the following. Let denote the number of dimensions considered. We will refer to the vector of the normalized macro-level indicators by = ( 1 , 2 , … , ). The vector of macro-level indicators is used to construct the macro-level data set (Table 1) . To each of the individuals of a country, the respective vector of macro-level indicators is assigned. A row of the data set, denoted , refers to the outcomes of one individual in the dimensions of life. By construction, all rows of are equal. A column, , refers to the outcomes of all individuals in one dimension. 4 Ravallion (1997, 2012) and Decancq et al. (2009) provide a critical discussion of the trade-offs implicit in the HDI. Table 1. A macro-level data set X_m -
The observer provides the second piece of information by means of an interactive web application. That information reflects her value judgements on the importance of the dimensions of life. These importance scores are then normalized so that they sum to 1 and define the weighting scheme = ( 1 , 2 , … , ).
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Once these two pieces of information are provided, the 1 aggregates them into a single number. Higher values reflect situations with a higher well-being. The 1 takes the mathematical structure of a 'mean of means'. More precisely, it can be computed as the mean across all individuals of the weighted mean across the macro-level indicators:
.
(
The right-hand part of expression (1) will be a natural starting point when developing a distribution-sensitive measure. Making this family of well-being indices distribution-sensitive involves a series of small, but structural changes in its design. The resulting new indices will be referred to as the distribution-sensitive Better Life Indices, or the second generation Better Life Indices ( 2) for short. Both the descriptive and normative information needs to be adjusted to make the measure distribution-sensitive.
A first condition for the 2 to capture the distribution of the outcomes is that the data set contains information on the distribution of well-being between individuals. A macro-level data set as does not contain this information. A micro-level data set is therefore necessary. Table 2 presents a micro-level data set, denoted . Again, rows refer to individuals and columns to dimensions. A cell of the data set, , contains the outcome of individual in dimension . Mizobushi (2014) proposes a weighting scheme for the based on Data Envelopment Analysis. Markovic et al. (2015) discuss the weighting scheme of the Better Life Index using a so-called i-distance approach. Kasparian and Rolland (2012) provide a sensitivity analysis of the ranking of the countries based on the choice of weights. They observe a limited role for the weighting scheme on the overall ranking of the countries.
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Dim. 1 … Dim.
Individual 1
Individual n 1 … Based on the micro-level data set , the vector = ( 1 , … , ) can be derived. This vector contains, for each dimension, the mean obtained from the micro-level data.
In analogy to the macro-level data set a new data set can be constructed that assigns to each individual the vector . This smoothed data set will be denoted . It can be obtained from by performing in each dimension a sequence of progressive transfers until the distribution in each dimension is perfectly smoothed and completely equal.
In general, the macro-level data set and the smoothed data set need not to coincide. The (statistical) difference may come from measurement or sampling error in the micro-level data, or because the definition of the micro and macrolevel indicators is different. For example, the income per capita measures in national accounts may not coincide with the average income from micro-level household income surveys even when including the same set of income components. It is important to distinguish between the statistical difference that comes from the inconsistencies between micro and macro-level data from the normative difference that stems from the inclusion of the distributional information.
Second, the normative information that is provided by the observer also needs to be enriched with additional normative parameters. These parameters will capture the value judgments of the observer concerning the distribution of the outcomes, in particular on the desired degree of complementarity between the dimensions of life and the aversion towards multidimensional inequality. Section 2.3 discusses these parameters in detail. First, however, we discuss the general structure of the index.
The distribution-sensitive Better Life Index as double aggregation
A distribution-sensitive Better Life Index aggregates across the dimensions and the individuals of the micro-level data set, taking the value judgments of the observer into account. In general, such a double aggregation can be done according to two procedures. 6 In the first procedure, one aggregates first across the dimensions of life to reach a well-being index for each individual . Then, in a second step, the resulting well-being indices are aggregated across the individuals. This procedure is most standard in welfare economics, and it reflects an individualistic perspective to wellbeing (Kolm 1977) .
Alternatively, the sequence can be reversed. This leads to a second procedure. One aggregates first across the individuals in each dimension to obtain a summary statistic for each dimension . Then, in the second step, the summary statistics are aggregated across the dimensions. This procedure is used by many composite indices (for instance the HDI).
In general, the two procedures will lead to different results. In fact, only in specific cases will results according to both sequences coincide. The first generation 1 is an example of such a specific case. We will return to these specific cases below.
Which procedure is preferable? Table 3 provides an illustration with two countries that will be helpful to make up our mind about the desirability of both procedures. For this example, we assume that there are two dimensions of life ( = 2). Both countries have three citizens ( = 3). When looking at country A (on the left), it can be seen that individual 1 is worst off in dimension 1 and that individual 3 is worst off in dimension 2. Individual 2 scores relatively well on both dimensions. Now, compare this country to country B (on the right). In country B, individual 1 is bottom ranked on both dimensions, while individual 2 is second ranked on both and individual 3 is top-ranked. 6 For a more formal discussion of the double aggregation problem, see Kolm (1977) , Dutta et al. (2002) , Pattanaik et al. (2012) , Decancq and Lugo (2012) , and Decancq (2014) In this example, the distributions for the two dimensions are exactly the same in both countries (they are equal to (0,1; 0,4; 0,5) in all cases). Yet, the correlation between the dimensions of life is different in both societies. In country A, individuals doing well in one dimension perform poorly in the other, and the correlation between the dimensions of life is low (even negative), whereas in country B the same individuals are at the top and bottom in each dimension, i.e. the correlation among outcomes at the individual level is much higher. We say that country B is obtained from country A by means of a so-called 'correlation increasing switch '. 7 Most people will agree that the correlation between dimensions of life matters for welfare comparison of countries in Table 3 . 8 To allow this difference to play a role, the double aggregation described above cannot follow the second procedure. Indeed, in the first step of the procedure, all information about the correlation is lost, which makes the second procedure insensitive to correlation. The first procedure, which does not suffer from this problem, is therefore preferred.
The concern for the correlation between the dimensions of life strengthens the data requirements further. A perfect data set should not only contain micro-level information on the distribution of each dimension separately; in addition it should also contain information on the correlation between the dimensions of life across individuals. In other words, all information should come from a single micro-level data set that covers all dimensions for all individuals in the same country; and 7 A 'correlation increasing switch' reshuffles the multidimensional outcomes of two individual so that one becomes top-ranked in all dimensions and the other bottomranked (see Tsui, 1999 for a formal definition). In Table 3 , country B is obtained by a correlation increasing switch from country A between individual 1 and 3. 8 The sensitivity to correlation plays an important role in the literature on multidimensional inequality (see Atkinson and Bourguignon, 1982; Dardanoni, 1996; Tsui, 1999; Ferreira and Lugo, 2013; and Decancq, 2014 amongst others) . Tarroux (2015) finds that students are averse to correlation in a questionnaire study about multidimensional inequality. such data set should cover, in a comparable way, all OECD countries. In practice, finding such a broad data set is a huge hurdle, as described in Section 3.
Incorporating value judgments
The previous section argued that the preferred sequence for aggregating is first across dimensions of life and then across people. This section discusses how to perform these two aggregations precisely.
We will call the function that performs the aggregation across dimensions the 'wellbeing function ' . In principle, the weighted mean formula of the 1 as given by expression (1) could be used as well-being function. Yet, it is useful to generalize the arithmetic mean a bit further. The generalized mean is a natural generalization of the arithmetic mean, and provides a well-being function that is flexible with respect to the value judgement of the observer concerning the complementarity between the various dimensions of life. It is defined as follows:
The parameter captures the value judgement of the observer concerning the degree of complementarity between the dimensions of life. The generalized mean has a long pedigree in measurement theory and economics (where it is known as a CES utility function) and has been often proposed to measure well-being of an individual.
9 Various interesting special cases can be reached by adjusting the normative parameter .
The (familiar) case of the arithmetic mean used in the 1s is obtained when is set equal to 0. The arithmetic mean assumes perfect substitutability between the dimensions. In this case, an individual can be assumed to perfectly compensate a low outcome in one dimension by a higher outcome in another dimension. A decrease of outcomes in dimension 1 of 0.01 units, for instance, can be compensated by an increase in dimension of 0.01 × ( 1 / ) units. This assumption may lead countries to specialize in 'easy' dimensions and may result in unbalanced well-being. Some observers have criticized this feature and suggested that a lower degree of substitutability is more appropriate.
Another interesting (limit) case is obtained when the observer sets equal to 1. The well-being function is then a geometric mean and the aggregation becomes multiplicative rather than additive. This specification is known by economists as 9 Blackorby and Donaldson (1982) provide an axiomatic characterization of this mathematical structure. Maasoumi (1986 Maasoumi ( , 1999 proposes the generalized mean based on considerations from information theory. Anand and Sen (1997) use it as building block in their multidimensional poverty measure and Lugo (2012, 2013 ) discuss its use as multidimensional well-being index.
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the Cobb-Douglas utility function. 10 In this multiplicative expression, the trade-offs depend not only on the relative weights but also on the levels of the outcomes. A decrease of the outcome in dimension 1 of 1 per cent can be compensated by an increase in dimension of ( 1 / ) per cent.
Increasing the degree of complementarity, captured by the normative parameter , makes it increasingly difficult to compensate a decrease in one dimension by an increase in another. In the end, when approaches ∞ we obtain that the wellbeing of an individual is determined by the worst outcome across all dimensions of life. Increasing the outcomes in any other dimension does not affect well-being. A policy maker who wants to improve the well-being of an individual has to focus on her worst outcome. This leads automatically to a more balanced development.
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Introducing both parameters together leads to a flexible well-being function. By choosing particular values for the parameters and , the trade-offs between the dimensions are fixed. Only in the case where the aggregation is linear ( = 0), the trade-offs depends only on the weights. In general, the choice of the parameter determines the implied trade-offs (see Decancq and Lugo, 2013 for a discussion).
Once a well-being index for each individual is obtained, the next step is to aggregate them to obtain an overall well-being score for the country as a whole. A social welfare function, , performs that second aggregation. Social welfare functions have been extensively studied in the literature. We work with a standard social welfare function, proposed by Atkinson (1970) 
This function is again based on a generalized mean (as can be seen by comparing expression 2 and 3). The normative parameter now captures the observer's aversion to inequality. By setting this parameter equal to 0, the social welfare function becomes an (unweighted) average of the individual well-being indices. This reflects the position of an inequality-neutral observer who does not care about the shape of the distribution. This inequality neutral position is implicit in the first generation of 's.
Increasing the parameter , increases the weight given to what happens at the bottom of the distribution. In the limit, when becomes very large, a Rawlsian social welfare function is obtained that equals the outcome of the worst-off individual in society. The inequality aversion is an essential parameter of the distribution-sensitive Better Life Index.
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This specification has been used by UNDP to compute the HDI after its revision in 2010.
11
Lorzano Segura and Gutierrez Moya (2010) advocate this limit case for a well-being measure.
The distribution-sensitive Better Life Index defined
Once the functional specifications of both aggregations are chosen, the distribution-sensitive Better Life Index can be assembled by substituting expression (2) in expression (3). This leads to the following expression
This index takes as inputs a micro-level data set and three normative parameters: the weighting scheme , the degree of complementarity , and the inequality aversion . It has been proposed in the literature on multidimensional social welfare and inequality measurement by Bourguignon (1999) .
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When comparing expression (4) with expression (1), it is clear that this second generation is a close relative of the first generation s. There are two important differences, however. First, the data set is different: the 2 makes use of a micro-level data set , whereas the 1 is based on macro-level data set . Second, there are two additional normative parameters, and , which give observers the flexibility to customize the index in accordance to their value judgments on the distribution of outcomes. Yet, when these additional parameters are both set at the value 0, and the measure is computed based on the macrolevel data set , then both measures coincide.
At this point it is useful to reconsider the concern for correlation between the dimensions of life across individuals. We have seen that the aggregation procedure recommended (first across dimensions, and then across individuals) gives a prominent role to this correlation when measuring well-being, contrary to the alternative procedure that changes the sequence of aggregation. How and to what extent the obtained index is sensitive to the correlation is determined by the relative values of both normative parameters and . Bourguignon (1999) shows that whenever > , an increase in the correlation between the dimensions (by means of a correlation increasing switch) lowers the well-being measure. The higher the selected complementarity between the dimensions, the higher the inequality aversion has to be, for an increase in correlation to lead to a decrease of the 2 (i.e. a social welfare decline).
When equals , the index is invariant to correlation. This choice received some attention in the literature and has been used by the UNDP to define their inequality-adjusted HDI. 13 This special case deserves a closer look. When both parameters are equal, we obtain the following simplified expression 12 Various papers discuss this multidimensional social welfare measure (or one of its special cases), e.g. Tsui (1995) , Foster et al. (2005) , Decancq and Ooghe (2010) , Seth (2013) , and Bosmans et al. (forthcoming).
13 Foster et al. (2005) propose a closely related index as a distribution-sensitive wellbeing measure and study its properties.
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Inspecting this expression, it is clear that both summation signs can be exchanged without affecting the result. In other words, when equals , both aggregation procedures lead to the same result. As a consequence, the simplified index is invariant to correlation between the dimensions of life. This simplification allows the data set to be constructed from different data sources, each providing distributional information for one single dimension. This is the main practical advantage of the simplified measure.
Yet, is the simplification normatively appealing? To address this question it is useful to remind readers of the precise interpretation of both parameters. The parameter captures the degree of complementarity between the dimensions, i.e. whether they can be seen as perfect substitutes ( = 0) or as complements (for larger values of ). The parameter , on the other hand, captures the inequality aversion of individuals (the larger , the larger the aversion to inequality). Both parameters capture a very different aspect of the multidimensional evaluation. There is no reason why both normative parameters should be equal. Both normative parameters play a separate role and have their own raison d'être. Equalizing them a priori is a very strong requirement. It seems therefore more appealing to work with the flexible measure (expression 4) rather than the simplified one (expression 5).
Decomposing the distribution-sensitive Better Life Index
The distribution-sensitive Better Life Index can be decomposed in different components that have specific interpretations. A first decomposition expresses the distribution-sensitive 2 as a product of the 'potential 2' and the 'loss due to multidimensional inequality'.
Even though this decomposition is a simple accounting equation, it is interesting because it brings to the fore the loss due to multidimensional inequality. The potential 2 is the 2 of the smoothed data set rather than the actual microlevel data set . Potential well-being equals total well-being when inequality within each dimension could be eliminated without any cost. The potential 2 does not depend on the inequality aversion parameter , but does depend on the normative parameters and . The second term of the decomposition, the loss due to multidimensional inequality, ranges between 0 and 1 and can be interpreted as a percentage. 15 The larger the inequality in the micro-level data set , the larger the measure. In addition, the larger the inequality aversion parameter , the larger is the loss due to multidimensional inequality.
This decomposition highlights in a natural and intuitive way the fundamental tradeoff between average outcomes and the inequality of the well-being distribution. The potential 2 depends on the smoothed data set and measures the averaged well-being, whereas the loss due to multidimensional inequality captures the loss in 2 due to the shape of the multidimensional distribution.
The 'loss due to multi-dimensional inequality' in equation (11) can be decomposed further into two elementary building blocks: the loss due to inefficiency and the loss due to inequity.
Again, this decomposition is based a simple accounting equation, but it offers interesting insights in the composition of multidimensional inequality. The loss due to multidimensional inequity captures the dispersion in the well-being levels of individuals within a country, whereas the multidimensional inefficiency measures the loss due to the potential mutual beneficial exchanges. Indeed, two individuals with different outcomes in the dimensions of life but with the same well-being level (i.e when there is no multidimensional inequity), could both improve their situation if it were possible for them to exchange some outcomes. The loss due to multidimensional inefficiency captures the latter effect. In fact, some observers have argued that the multidimensional analysis should be concerned with inequity alone, and not with inefficiency, and the decomposition in expression (7) allows them to do so (see Bosmans et al. (forthcoming) for a detailed discussion).
Data for the distribution-sensitive Better Life Index
The previous section assumed that a perfect data set was available. We have seen that such a perfect data set has to satisfy several stringent conditions. First, it should be a large micro-level data set with information about the selected dimensions of life for a representative sample of citizens of all countries of 15
The loss due to multidimensional inequality was initially proposed by Kolm (1977) interest. 16 Second, the micro-level data set should be consistent with the 'official' and validated macro-data sources whenever they are available. Third, it should satisfy standard requirements of statistical quality such as comparability across countries, timeliness, etc. (Boarini et al. 2012) .
Unfortunately, no single data set currently meets all these requirements. The data set that presumably comes closest to satisfying these conditions is the Gallup World Poll. This survey includes most of the countries of interest. While not all 11 dimensions of the Better Life Index are covered equally well by the Gallup World Poll, for most dimensions a reasonable proxy is available. The main disadvantage of the data set is that it is collected by the private company Gallup and that access is limited, which makes scientific validation and systematic replication of the results by different researchers virtually impossible. Moreover, both the sampling procedure and the small sample size of the survey affect the quality of the survey (Gasparini and Glüzmann, 2012) . For these reasons, the Gallup World Poll cannot be considered as a perfect micro-level data set.
In absence of a perfect micro-level dataset, the first-best solution would arguably be to collect the missing data. Given the size and broadness of the ideal microlevel dataset, this strategy is likely to be very costly. A second-best strategy is to construct a so-called 'synthetic' micro-level data set. This data set would be constructed so as to be consistent with the pieces of well-being information that are available from different existing data sets. Constructing a complete synthetic data set based on scattered pieces of information requires some -arguably strong -assumptions. This section provides an illustration of how this could be done using two pieces of information that we have discussed earlier. First, there is the 'official' and validated vector = ( 1 , 2 , … , ) containing (mainly) macro-level data that are currently used to compute the 1. Second, the Gallup World Poll can be used, as it provides information about the distribution of most of the 11 dimensions of well-being and on the correlation between the well-being outcomes at the individual level.
Combining information about the average outcome from a macro source with distributional information from a micro source is common practice in the onedimensional literature on global income inequality. 17 In these studies, the mean of the income distribution of a country is anchored on information from its national accounts (e.g. on its GDP per capita), while information about the shape of the distribution comes from micro income data obtained from household surveys (or from parametric models estimated based on these surveys). The simplest procedure to construct such a synthetic data set is to rescale or uprate all incomes in the household survey with a factor that equals the ratio between macro variable (e.g. GDP per capita) and the average income from the household survey. This procedure assures that the average of the resulting synthetic distribution 16 In our setting, these are the OECD member countries and some emerging economies such as Brazil, Russia, India, China, and South Africa (the so-called BRICS countries). 17 Anand and Segal (2008) provide a survey and a critical discussion of this procedure. correspondents perfectly to the 'official' information from the national accounts. In addition, the inequality of the synthetic distribution (measured by a relative inequality index such as the Gini coefficient, for instance) remains consistent with that from the household surveys. This paper constructs a multidimensional synthetic data set based on two sources (a validated macro-level data set, i.e. the one used by the OECD for the Better Life Index; and a micro-level data set, the Gallup World Poll) inspired by the approach used in the literature on global income inequality. In this approach, the variables from the Gallup World Poll are rescaled so that their averages match the validated macro information. Figure 1 illustrates the procedure for a single variable. The micro-level data from Gallup World Poll (together with their average ) are plotted on the horizontal axes. A linear transformation function (the black full line on Figure 1 ) rescales all micro-level data by the factor / . The synthetic data can then be read on the vertical axis. The average of the synthetic data coincides with , the validated macro-level information about the average. Moreover, as the increasing transformation function does not change the ranking of the individuals in each dimension, the (rank) correlation structure between the different dimensions of life of the synthetic data set coincides with that from the underlying micro-level data set.
Figure 1. Transformation of the micro-level data into a synthetic variable with the same mean as in the macro-series
Let us discuss the implementation of this procedure in more detail, starting from the macro-level data set. For 10 out of the 11 dimensions of the 1, the approach relies on the validated macro-level variables as collected and validated by the OECD for the 1 (see Table 4 , left column; these 10 dimensions are denoted with a *). 18 Since the macro-level data are available for each country by gender, the approach considers separately, for each country, its female and male population. The method illustrated in Figure 1 above is hence applied to each of these groups separately.
For the purpose of measuring well-being and its inequality, two modifications of the normalization procedure followed by the OECD for the 1 have been made. First, the linear normalization used by the OECD to map the outcomes in each variable between 0 and 1 is replaced by a simple rescaling of the variables by their maximal value. Loosely speaking, the latter modification provides some space in the relevant positive interval of a distribution around its average performance also for the worse performing countries. Second, the indicator used by the OECD to measure Personal Security (homicide rates) has been changed to a more microoriented variable, i.e. self-reported safety.
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Concerning the micro-level data, four waves of Gallup World Poll (2010-2013) have been pooled for each country considered. Data have been pooled across four waves to enlarge sample sizes. The analysis retains only individuals for whom information is available for all well-being dimensions, which leads to sample sizes of about 900 respondents in Norway and 9,000 in the Russian Federation. In Table 4 (right column), the indicators from the Gallup World Poll which are used to approximate the joint distribution are denoted with (**). Whenever more than one indicator from the Gallup World Poll has been used for one dimension, the indicators are first averaged at the individual level (using equal weights).
Before proceeding to the results, three comments about the synthetic data should made.
First, as is clear from Table 4 , no good proxy is available in the Gallup World Poll for three well-being dimensions ('Housing', 'Work/Life Balance', and 'Civic Engagement'). For these dimensions, their distribution is assumed to perfectly equal across individual. The rescaling procedure illustrated in Figure 1 This assumption may introduce a bias when estimating multidimensional inequality. The direction of the bias is not certain, however, as there the missing dimensions may be negatively correlated with the observed dimensions: in this case, the consideration of their inequality may reduce multidimensional inequality when measured with a correlation-sensitive measure (that is when > > 0).
Rather than the black full transformation function, the gray dashed transformation function is used. This new transformation function is obtained by pivoting the original one around the point ( , ), which assures that the average of the synthetic income distribution remains fixed at the macro-level indicator . The lower slope of the grey dashed line compared to the black line implies a reduction of the inequality of the synthetic income variable. By selecting the appropriate slope for the pivoted transformation function, the Gini coefficient of the synthetic data can be matched to the external distributional information. The extent of pivoting necessary to achieve this result differs across countries.
Third, for almost all dimensions in Table 4 , the variable used in columns 2 and 3 are not precisely identical. This discrepancy implies that the method used assumes that the distributional shape of the variable in column 3 provides a reasonable approximation of the shape of the distribution for the variable in column 2. In the case of education, for example, each individual with a high number of years of schooling (the micro-level variable measured by Gallup World Poll) is assumed to have a high score on the BLI macro indicator, which is constructed as an average of the variables 'educational attainment', 'education expectancy' and 'students' cognitive skills'. Without additional information it is hard to judge how reasonable this and related assumptions really are.
In line with the discussion of Section 2, the synthetic data is called . Summary statistics are provided in Appendix. Table 5 and 6 show the (rank) correlation matrix for Austria and the United States. In each cell the Spearman rank correlation coefficient is reported. These tables show how the correlation structure between the dimensions of life (captured by micro-level data set) is remarkably different. The correlation between the positions of the non-income dimensions and income is much higher in the United States compared to Austria. Richer individuals in the United States are more likely to occupy the top positions in the other dimensions of life as well. 4 Implementation of the distribution-sensitive Better Life Index with a synthetic data set
The distribution-sensitive Better Life Index for 2014
As described in Section 2, computing a distribution-sensitive Better Life Index requires not only a large data set, but also making choices on the three normative parameters , and (see equation 8). As, for practical reasons, it is impossible to show results for all possible normative parameter values, the empirical results described in this section use as weighting scheme ( ) the average weights given by the registered users of the Better Life Index web-site. 21 These weights are shown in Figure 2 . Even though the default option for the users is an equal weighting scheme, it is clear that users gave higher weights to 'Health' and 'Subjective Well-Being', and lower weight to the dimension 'Civic Engagement'.
Figure 2. Average weighting scheme of the users of the Better Life Index website
We start our discussion of the results for particular values of the two normative parameters. The degree of complementarity is first set at a value of 1. This makes the aggregation multiplicative. The value of the inequality aversion parameter is set at 2. This choice implies a considerable inequality-aversion. These parameter values introduce an aversion to correlation in the index, since we have that > > 0. Later in this section we will relax these parameter choices and see how the results change when different values for and are selected. Figure 3 provides the key result of this section. It shows the 2 and the potential 2 for the countries considered, with countries ranked according to their 2 (the overall well-being of each country while taking the well-being distribution into account). The potential 2 measures total well-being if the inequality in each 21 The data are collected in June 2013 and include more than 37,700 responses. dimension could be eliminated without any cost. The well-being loss due to multidimensional inequality is given by 1 minus the ratio between both measures multidimensional (recall the decomposition in equation 11). This loss is shown in Figure 4 . For the selected normative parameters, losses are considerable and range between 36% and 71% for Austria and Turkey, respectively. The level of this loss obviously depends on the choice of the normative parameters.
Not surprisingly, Sweden, Austria, Netherlands, Denmark and Norway are the countries with the highest 2. Mexico, Brazil, Mexico, the Russian Federation, Greece and Turkey are at the bottom of the ranking. When looking at the top-five performers in Figure 3 , the potential 2 of Norway is higher than the one of Austria, whereas Austria has a higher 2. The loss due to multidimensional inequality is larger in Norway as compared to Austria (see Figure 4) . In general, countries at the bottom of the 2 ranking also have a larger loss due to multidimensional inequality. This means that countries with worse well-being performance combined both low average scores for the various dimensions of life and high multidimensional inequality. A similar pattern is highlighted by the inequality-adjusted HDI (UNDP, 2014).
Column 1 and 2 of Table 7 presents 2 and potential 2 for all countries. The ranking of each country according to each variable is shown in italics. Although the rank-correlation between 2 and potential 2 is relatively high (Spearman's rank correlation coefficient is 0.93), the ranking of some countries is affected strongly when taking the multidimensional well-being distribution into account. The United States loses 7 positions, whereas Austria gains 11, for instance. This re-ranking is entirely driven by the loss in 2 due to multidimensional inequality (as shown in column 3 of the table).
Finally, Figure 5 plots both components of the 'loss due to multidimensional inequality' for each country (recall the decomposition in expression (7)). The horizontal axis shows the loss due to inequity (i.e the dispersion in well-being levels between the individuals), whereas the vertical axis presents the inefficiency component (i.e the potential mutually beneficial exchanges). Overall losses due to multidimensional inequality are larger for countries in the top right-hand corner of the figure (e.g. Turkey and Greece). For most countries, inequity and inefficiency account in roughly equal parts for the loss due to multidimensional inequality. In other words, the loss due to multidimensional inequality does not only consist of inequity, but also the inefficiency component contributes to the total loss due to multidimensional inequality. Comparisons based on multidimensional inequality do not necessarily correspond to comparisons of multidimensional equity. Compare the United States and Iceland on Figure 4 for instance. Iceland records a larger loss due to multidimensional inequality than the United States (52% versus 45%), yet the well-being differences in the United States are larger (in Figure 5 , the United States has a higher loss due to inequity compared to Iceland).
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Sensitivity Analysis
How do results change for other choices of the normative values? The last three columns of Table 7 show the results for an alternative case with (ε=1 and β=0.5). In this case both the degree of complementarity and inequality aversion are lower than in the benchmark case. Also losses due to multidimensional inequality are much lower. This finding illustrates that the order of magnitude of the loss due to multidimensional inequality is sensitive to the normative parameters and should be interpreted with care.
How sensitive the results are with respect to the normative parameters can be illustrated in the case of Austria and the United States, two countries with very different ranking based on 2 and potential 2 (see Figure 3) . We first look at the role of the normative parameter . This parameter captures the degree of complementarity between the dimensions of life. Figure 6 shows the evolution for the potential 2 and 2 for Austria (in black) and the United States (in gray) for different values of . We keep the value of (the degree of aversion to inequality) fixed at 2. The figure shows that the size of potential 2 depends only marginally on the parameter . The United States scores better than Austria for the potential 2 (the full line). Indeed, also Figure 3 has shown that the United States has a higher potential 2 than Austria for the benchmark normative parameters. Source: OECD (2014 ) and Gallup World Poll (2010 -2013 When looking at the 2 (the dashed lines), Figure 6 shows a large drop when the dimensions are more seen as complements (so that each country is evaluated with more attention for its worst performance). This means that the loss due to multidimensional inequality increases sharply when the normative parameter increases. Also the ranking between the United States and Austria depends on the choice for the parameter . For beta values close to 0 the United States has a higher 2, whereas between 0.8 and 2 Austria scores better. For higher values of , losses due to multidimensional inequality become very large for both countries.
What is the role of the normative parameter , i.e. the inequality aversion? To analyse this, the parameter value of is fixed at its benchmark value of 1. Figure  7 shows the evolution for the potential 2 and 2 for Austria (in black) and the United States (in gray). As can be seen from expression 6 the potential 2 does not depend on the choice of the parameter . The United States scores better than Austria based on these measures. The picture changes when looking at 2. In this case, the position of the United States worsens compared to Austria for larger values of . For values beyond 1, Austria scores better than the United States. and . The more the analysis focuses on the normative space around the origin (the case reflected by the orginal 1), the more the United States outperforms Austria. The comparison of both countries depends clearly on the interplay between both parameters. By using a simplified measure that equalizes both parameters a priori, such as the original 1, this feature would be lost. 
Conclusion
We can now return to the central question of this paper: are we ready to compute a distribution-sensitive Better Life Index for all OECD member countries? To answer this question it is useful to proceed in three steps. First, this paper has shown how a distribution-sensitive Better Life Index can be designed theoretically, when a perfect data set would be available. A broad class of distribution-sensitive Better Life Indices that generalizes the existing Better Life Index and has appealing properties has been discussed. To capture different normative positions, the proposed class of indices contains three normative parameters: a weighting scheme for the dimensions; a parameter expressing the degree of complementarity between the dimensions; and the degree of inequality aversion. The resulting measures can be decomposed in their conceptual building blocks, which provides additional insights. From a theoretical perspective, the central question can be therefore answered with considerable optimism.
Of course, we do not live in a world without data constraints. Section 3 of the paper has shown that data limitations impose strong restrictions on the implementation of a distribution-sensitive Better Life Index. From an implementation perspective, the answer to the central question of the paper is therefore grimmer. To confront these data limitations, at least two strategies are possible. The first-best strategy is to collect better data, which is costly and labourintense. The second-best strategy is to rely on a synthetic data set constructed by combining the available macro and micro-level information from different sources. The extent to which the results are sensitive to the assumptions implicit in the 
